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Motivation 

Datasets 

•  Typing	 up	 mathema.cal	 equa.ons	 has	 become	
quite	 a	 necessity	 when	 submi6ng	 academic	
papers,	 wri.ng	 and	 solving	 problem	 sets,	
presen.ng	 mathema.cal	 concepts,	 and	 much	
more.	

•  We’re	 looking	 to	 automate	 the	 process	 of	
conver.ng	 handwri@en	 expressions	 to	 LaTeX	
using	modern	Machine	Learning	techniques.	

Features 

•  Our	 dataset	 includes	 the	 traces	 of	 10,000	
handwri@en	 expressions	 mapped	 to	 the	
corresponding	 ground	 truth	 LaTeX	 expression	
(obtained	from	Kaggle).	

•  We	 split	 the	 data	 into	 80%	 train,	 10%	 dev,	 and	
10%	 test.	 We	 use	 traces	 for	 CSeg,	 normalized	
pixel	arrays	 for	OCR,	and	 traces	with	segmented	
characters	for	SA.	

•  Example:	
	

$(x-x^3)^2	+	(y-y^3)^2	=	r^2$	

Discussion 

Experimental Results Methods 

Future Work 
•  CSeg:	implement	a	combined	model	using	NN	beam	search	and	SVM	predic.ons	

to	increase	accuracy.	Use	AdaBoost	and	mul.-scale	shape	context	features.	
•  OCR:	 Experiment	 with	 advanced	 OCR	 techniques	 such	 as	 Random	 Forests	 to	

help	 improve	 the	 accuracy	 of	 our	 CNN	 and	 SVM.	 Use	 data	 augmenta.on	
techniques	to	add	examples	of	uncommon	symbols.	

•  SA:	We	plan	on	finding	or	 implemen.ng	a	 LaTeX	parser	 that	will	 enable	us	 to	
train	 an	 SVM	 to	 aid	 our	 current	 model	 in	 correctly	 building	 square	 root,	
exponents,	and	other	more	complex	equa.ons.	

•  E2E:	 implement	 a	 CNN	 for	 an	 end	 to	 end	 approach	 (similar	 to	 Google’s	
Tesseract).	

•  Segmenta.on:	features	come	from	data.	SVM	uses	
features	 including	 overlap,	 inverse	 horizontal,	
ver.cal,	 and	 centroids	 distance,	 and	 horizontal	
containment,	 which	 are	 the	 main	 indicators	 for	
grouping	traces.	

•  Character	 Recogni.on:	 SVM	 and	 NN	 use	 data	
based	 features	 include	 normalized	 fla@ened	
greyscale	pixel	array.		

						We	derived	Histogram	of	Oriented	Gradients	(HOG)							
						from	the	pixel	array	–	improves	image	recogni.on		
						by	using	overlapping	local	contrast	normaliza.on.	
	

Character	Segmenta.on	(CSeg)	

Character	Recogni.on	(OCR)	

Structural	Analysis	(SA)	

CSeg	Accuracy:	OCR	Accuracy:	

•  Most	 character	 recogni.on	 errors	 come	 from	 symbols	 that	 do	 not	
appear	as	frequently	in	dataset	(e.g.	\mu).	

•  Segmenta.on:	 NN	 beam	 search	 and	 the	 binary	 SVM	 achieve	 similar	
accuracy	(64%).	Beam	search	tends	to	group	traces	that	should	remain	
separated.	Binary	SVM	tends	to	keep	strokes	separated.	

•  We	 are	 working	 on	 improving	 our	 Structural	 Analysis.	 We	 are	
struggling	 with	 how	 to	 accurately	 test	 the	 output	 and	 train	 models	
and	are	currently	repor.ng	accuracy	by	hand	to	preserve	correctness	.	

	

A	

Input:	normalized	pixel	array.						Output:	character’s	LaTex	representa.on.	
•  SVM:	uses	mul.class	SVM	with	a	linear	Kernel,	L2	regulariza.on.	
					Mul.class	SVM	loss:	
	

•  NN	(mul;class):	uses	same	internal	structure	as	NN	in	CSeg.	Output	is	the	
classifica.on	of	the	LaTex	symbol.		

•  Cross	entropy	loss:	
•  CNN:	mul.class	CNN	with	5	hidden	layers,	ReLU	ac.va.on	func.on,	and	

cross	entropy	loss.		

Input:	list	of	all	traces	for	equa.on.	Output:	traces	grouped	by	characters.	

•  Overlap:	merges	overlapping	strokes.	All	other	strokes	are	separate.	
•  SVM:	uses	a	binary	SVM	with	a	linear	Kernel,	L2	regulariza.on,	and	C	

value	50.	Binary	SVM	loss	func.on:		
•  NN	(binary	classifica;on):	with	single	hidden	layer,	sohmax	and	sigmoid	

ac.va.on,	and	cross	entropy	loss.	Input	is	a	32X32	fla@ened	pixel	array	of	
a	single	or	mul.ple	strokes.	Output	is	whether	or	not	the	image	is	a	valid	
LaTex	symbol.	

•  Beam	Search:	we	use	beam	search	to	explore	possible	segmenta.ons.	
We	maximize	the	segmenta.on	score,	which	is	based	on	NN	predic.on	
(confidence	of	it	being	a	valid	character).	
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Baseline	 Heuris;cs	

Test	 14%	 65%	

SA	Analysis	Accuracy:	

Test	 Train	

CNN	 44%	 NA	

Overlap	 53%	 53%	

SVM	 64%	 96%	

Binary	NN	 78%	 97%	

Beam	search	 64%	 NA	
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•  Structure	analysis	is	done	according	to	
rela.ve	loca.on	and	size.	

•  We	use	features	such	as	overlap,	
squared	loss	from	superscript/subscript	
bounding	box	to	determine	the	
rela.onship	between	two	characters.	

•  We	then	use	these	rela.onships	to	
rebuild	the	ground	truth	LaTeX.	
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